Abstract: In this paper, a three degrees of freedom (two degrees of freedom plus disturbance feedforward action) controller, tuned with the Virtual Reference Feedback Tuning is presented and applied to a wastewater treatment plant. The chosen framework is the one established in the Benchmark Simulation Model 1. Two loops were applied: control of nitrate concentration at the last anoxic section of the plant by manipulating the internal recycle flow rate using a two-degrees of freedom PI and a cascade plus feedforward approach to control ammonia at the last aeration section by manipulating the setpoint of the dissolved oxygen controller at the last aeration section using ammonia measurements from the influent. The results are very close to other more advanced approaches applied to the plant in the same conditions, therefore showing the usability of model-free approach for wastewater treatment plant control.
INTRODUCTION
Data-Driven control is a methodology that never attempts to find a model for control, but instead tries to find a suitable controller using only experimental data from the plant. This kind of control is becoming popular and several different methodologies have appeared in the literature: Iterative Feedback Tuning (IFT) (Hjalmarsson et al., 1998) computes an unbiased gradient of a performance index to improve iteratively the tuning of the parameters of a reduced order discrete time controller. The Correlation based Tuning (CbT) (Karimi et al., 2003 ) is a one-shot methodology that finds the values of a restricted order controller by minimizing the correlation between the closedloop error of the system (based on a desired closed-loop behavior) and the reference to the process. The Virtual Reference Feedback Tuning (VRFT), translates the model reference control problem into an identification problem, being the controller the transfer function to identify based on some "virtual signals" computed from a batch of data taken directly from an openloop experiment. The Fictitious Reference Iterative Tuning (FRIT) is a method similar to the VRFT, but instead of an open-loop experiment it deals with closed-loop data, taking into account the original controller (Kaneko et al., 2005) .
These methodologies are good examples of this new trend in control that attempts to find the controller by skipping the modeling step and instead, based on an optimization problem, tries to find the right parameters for restricted order controllers. One of the drawbacks of Data-Driven control is that it does not guarantee closed-loop stability. This issue is not addressed in this paper, but recent works have appeared in the literature that try to solve this issue (van Heusden et al., 2011) . The fact that no modeling step is attempted, makes it very appealing for complex plants where finding a model for control is not easy or where a very complex model, not suitable to find a controller, is at hand.
Among these complex systems are Wastewater Treatment Plants (WWTP). One common problem in all cities is the correct treatment of the wastewater before its discharge into the receiving waters. In fact, the legislation around water pollution is becoming more stringent since the ecological awareness is more important for people and politicians nowadays.
Biological processes are normally used in WWTPs, being the Activated Sludge Process (ASP) one of the most important methods for the removal of carbon as well as nitrogenous components from the influent (Henze et al., 1997) . Since the quality standards for this WWTP are getting tighter, efficient control methods need to be implemented for economical and environmental reasons (Yong et al., 2005) . But this process is not easy to control: the process is very complex itself while the plant is continuously affected by disturbances in the influent with great variability in its composition and flow (Vrecko et al., 2003) .
Several control methodologies have been tested for this plant. For example in Vrecko et al. (2003) , Yong et al. (2005) and Zhang and Hoo (2007) , a PI-like controller with cascade and feedforward action is implemented to reduce the ammonia in the effluent. Model predictive control has been applied in Holenda et al. (2008) and in Shen et al. (2008) : in the first case, only the control of the dissolved oxygen is addressed while in the latter a multiple input approach is adopted, by using the recycle flow rates, the Oxygen Transfer coefficient of three aerated tanks and a supplementary carbon source. In Gernaey et al. (2007) , several control strategies are tested using PID controllers and compared within the Benchmark Simulation Model 1 (BSM1). All of these methods contain a modeling step and maybe some order reduction of the model. In fact some of these methods suppose that some parameter of the model that can't be measured directly are already known.
From the control point of view, this model is far too complex to be readily used. Data-Driven control can be applied when a good model can produce meaningful data in order to synthesize a restricted order controller directly from the simulated data, without the simplification of the model. The VRFT was the chosen Data-Driven methodology for this application, given its flexibility and easiness of implementation. In this work, the VRFT is extended to a three degrees of freedom control that incorporates a feedforward action, in order to be able to actuate based on the measurements of the disturbance at the WWTP influent.
This work is divided into two fundamental parts: in section 2, an overview of the Two Degrees of Freedom VRFT is presented and also the feedforward case is extended to be used with a two degrees of freedom controller therefore originating the Three Degrees of Freedom VRFT. In section 3 an overview of the benchmark is presented, as well as some points to take into account when using the VRFT to tune a PI-like controller. The results of the control strategy on the WWTP are also presented in this section. The conclusions are presented in section 4.
OVERVIEW ON THE VRFT
Model-Based Control refers to the methodologies that use information from the plant expressed as a model. For example, classical tuning rules, may need a specific model of the plant in order to solve some optimization problem (like minimizing an integral criteria). On the other hand, Data-Driven Control never attempts to find the model of the plant: it uses the data of the plant directly to find a controller, which, generally, is meant to minimize some control performance criterion.
The VRFT is very intuitive method and it is easy to extend its capabilities to other controller structures. The original idea was presented in Guardabassi and Savaresi (2000) , and then formalized in Campi et al. (2002) . In the case of the Two Degrees of Freedom, the design methodology is presented in Lecchini et al. (2002) .
The two degrees of freedom control structure is depicted in Fig. 1 . The objective of this method is to minimize a model-reference control criterion, but using only inputoutput data taken from the plant. This can be achieved by creating some "virtual" signals. Suppose that a batch of open-loop data {u(t), y(t)} is available. If the desired
. Two degrees of freedom structure closed-loop transfer function is given by M (z), one is able to find a "virtual reference"r(t) such that, if applied to the closed-loop system with ideal controllers {C r0 , C y0 }, the closed-loop output would be the same as the original openloop output y(t). If the plant is assumed to be Linear Time Invariant (LTI), when this closed-loop system is fed with the virtual reference, the output of this ideal controllers should be equal to u(t) in order for the output to be y(t). This controller can be found by identifying the transfer function which yields the output u(t). The details of the algorithm and the cost functions that is minimized can be found in the references cited above. For space constraints, they are not presented here.
VRFT approach to Feedforward Control
A Feedforward controller can be set using the VRFT approach. In Guardabassi and Savaresi (1997) , the idea of using the VRFT controller was presented to be used in conjunction with a one-degree of freedom controller. The main difference is that it is assumed that the disturbance is available for measurement and the corresponding signal is used in the optimization problem.
This idea is extended here to a two degrees of freedom controller. The control system is depicted in Fig. 2 , where P 1 (z) and P 2 (z) represent the dynamics of the plant from the input u(t) and the disturbance d(t) to the output y(t), respectively. These three signals are measured from an open-loop experiment. The purpose of using the feedforward control plus the two degrees of freedom controller is to cope with both measurable and nonmeasurable disturbances. In this case, the unmeasured disturbance is not computed as a virtual signal as in Lecchini et al. (2002) , but it is added as an independent arbitrary signal. This is a valid approach, since the only care that has to be taken into account is to write down a valid relationship between these signals in order to set the correct optimization problem for the VRFT. C r (z), C y (z) and C f (z) are the controllers to be found. The "virtual" components and signals (which are presented with dashed lines in Fig. 2 ) are:
• M (z) is the target closed-loop dynamics from the reference signal to the output of the controlled system. • S(z) is the target closed-loop dynamics from the unmeasured disturbance at the output to the output of the controlled system. • F (z) is the target closed-loop dynamics from the measured disturbance to the output.
•r v , is the virtual reference computed from the data obtained from an open loop experiment and the closed-loop target functions. •p is a fictitious arbitrary signal that is added to the output of the experiment, and is considered as the unmeasured disturbance.
• y d is the result of the sum of the output of plant y and the fictitious disturbancep, that is y d = y +p •ȳ d is the ideal disturbed output in closed-loop, if the virtual reference is applied in the closed-loop and the ideal controller are set in place.
• d is the disturbance signal that is suppose to be measurable and available in the open loop experiment.
The virtual reference signalr v has to be computed according to the ideal relationships and the measured and virtual signals:ȳ
If one is able to find the ideal controllers, thenȳ d = y d . Since this is exactly what is needed, the virtual signal is computed from (1) as:
The output of the controlled system is
Note in (3), that the input signals do not have a bar, denoting that these signals are not virtual, but actually are entering to the system. When comparing (1) and (3), one is able to find the ideal controllers that would, theoretically, drive the system with the desired dynamics (if the transfer functions of the plant were known):
Then, following the paths in the diagram of Fig. 2 that lead from the measured and virtual inputs to the u(t) signal, it is easy to find that the cost function to optimize is given by: Fig. 3 . Layout of the BSM1.
can be rewritten as a standard least square problem:θ = arg min
T Solving this optimization problem, one is able to find directly the three controllers using only a batch of inputoutput data without any iterative scheme (one-shot).
APPLICATION OF THE VRFT IN A WWTP
The BSM1 is a benchmark model designed to test different control strategies for WWTP. The plant layout as well as the control strategy used in this work are depicted in Fig. 3 . The WWTP has five bioreactors: the first two are anoxic (they are not aerated and nitrate is used as electron acceptor) and the last three are aerobic. A portion of the flow is recycled to the first bioreactor (internal recycle, Q a ) while the rest is introduced in the clarifier, where the biomass is separated from the effluent. Most of the biomass is recirculated (external recirculation, Q r ) and the rest is disposed (wastage, Q w ). Due to space constraints, the characterization of the BSM1 are not presented in this work, but a detailed description can be found in Copp (2002) and in Alex et al. (2008) .
The aim of the benchmark is to provide a standard model to compare different control strategies. For this reason, along with the definition of the plant, the mathematical model and some tips for the implementation, three different influent data are provided. This data represents the influent to the plant over two weeks, taking into account daily variations and storm events.
The benchmark also presents a series of performance index to measure the effectiveness of the control strategy. The average values of Ammonia (S NH ), Total Nitrogen (TN), Chemical Oxygen Demand (COD), Nitrate, Total suspended Solids (TSS) and the Biochemical Oxygen Demand (BOD5) have to be below certain value. These values are included in Table 1 as reference.
Control strategy
The default control strategy for this plant is a two-loops approach. The first loop controls the Dissolved Oxygen (DO) in the 5th thank by actuating on the oxygen transfer coefficient (K L a) and the second controls the nitrate level in the last anoxic bioreactor by manipulating the internal recycle flow Q a . The DO loop has fast dynamics while the second is slower.
The control strategy employed in this work is depicted in Fig. 3 . It has two control loops, the first one is the nitrate (S NO ) loop, that tries to keep nitrate concentration at a low setpoint value by actuating on the internal recycle flow rate to keep total effluent nitrogen below its limit. The second control loop is a cascade-feedforward controller: it manipulates the oxygen transfer rate (K L a) to maintain the Dissolved Oxygen set point. This Dissolved Oxygen setpoint is manipulated by a controller that measures the ammonia concentration at the fifth tank and at the influent. This strategy has also been tested in Vrecko et al. (2003) ; Ingildsen et al. (2002) ; Yong et al. (2005) .
In this work, all the controllers were set as two degrees of freedom discrete-time PI controllers (except for the Feedforward controller), with parameters found using the VRFT approach. The complexity of the BSM1, makes it very difficult to incorporate it directly into the controllers, but one of the advantage of this data-driven approach the possibility to use the data produced with the BSM1 to directly compute the restricted order controllers.
Data-Driven control has been used for the tuning of PID from the beginning (as for example, Gevers (2002) uses the IFT method in a PID controller for a chemical industry). VRFT has also been applied to PID controllers as in Kansha et al. (2008) . For the case of PI controllers, some constraints are introduced here, to guarantee that both the reference controller as well as the feedback controller are applying the same integral action, that is, to avoid stationary error. In the continuous time case this is achieved only by setting the same integral constant to both controllers. Suppose a standard two degrees of freedom controller as in Fig. 1 . The equations of this structure are given by:
After applying the bilinear transformation given by
Where T s is the sampling time, s is the Laplace variable and z −1 is the discrete unit delay. The discrete time version of the controllers are given by:
This controller clearly is linear in the parameters:
The output of the controller u is found to be
From (8) and (9) it is clear that
Then, in order to have a Two-degrees of freedom PI controller, tuned with the VRFT, it is necessary to add the constraint α 1 + α 2 − α 3 − α 4 = 0 to the optimization problem. Another interpretation of this constraint is that, in case that y and r have the same value, the integral factor (given by the term z −1 /(1 − z −1 )) has to stop increasing since the error is zero. If this constraint is not accomplished, it may be possible to have an stationary error, even if the controller has integral action.
The data used to obtain the PI controller is presented in Fig. 4 . This data was recorded with a sampling time of 1 min for the Dissolved Oxygen loop and 10 min for the S NH and S NO loops.
Using this data, and a first order closed-loop dynamic as the target closed-loop with a settling time of approximately half day for the S NO and S NH loops and 15 min for the DO loop. These values were decided based on prior knowledge of the dynamics of the system. The controllers were found to be:
• For the DO loop C rDO = 97.99 − 75.76z C rSNH = −0.3612 + 0.2511z
The controlled system was first simulated for 14 days of dry weather data and then simulated for each one of influent data (dry, rainy and storm weather) that the benchmark provides. For the C f SNH controller, a low order approximation of the dynamic of the plant was The mean value is below the maximum values but still, some peaks cannot be maintained under the limit obtained with an ARX structure. The selected setpoints were 1 mgN/l for the S NO loop and 2 mgN/l for S NH . Then the performance was evaluated for the last 7 days and the mean values of the most important variables are presented in Table 1 .
VRFT successfully maintains the mean values under the maximum limits. In Fig. 5 , the data for the last 7 days for the Dry Weather is plotted for the Ammonia Nitrogen S NH and Total Nitrogen TN (which are the variables that most likely could have a higher value than the limit).
In Yong et al. (2005) , a feedforward-feedback control is implemented, but with control over all the aerated tanks and assuming knowledge of kinetic parameters that are difficult to obtain in practice. In this case, the mean value of ammonia at the effluent for the dry weather was 2.11 mg/l (23% less than the result with the VRFT) and the mean value of the Total Nitrogen was 17.26 mg/l (5.82% more than VRFT) with the advantage that with the VRFT approach one does not need to know any parameter that cannot be measured online. A similar approach was followed by Zhang and Hoo (2007) , in this case for the S NH parameter, the VRFT approach gave 12.91% less for the dry weather, 0.63% less for the rain weather and 2.88% more for the storm weather.
CONCLUSIONS
In this paper, the VRFT was extended to be used with a two degrees of freedom controller that also incorporates a feedforward component (a three degrees of freedom controller). Also it was found that a constraint has to be added in the optimization problem to guarantee zero stationary error. This methodology was then applied to a WWTP benchmark which model is too complex to be used directly in a model-based methodology and therefore, the direct use of the data obtained from it seems technically sound. The application of the VRFT methodology using disturbed data (from the influent variation and sensor noise) is now under development and will be presented in a future paper. The methodology has one mean disadvantage: there are no clear rules to select an appropriate closed-loop target function nor the correct parameterization of the controllers (this issue is inherent to any data-driven control approach). More research has to be done in this respect to find some kind of rules to help the designer to solve these issues. 
